This work addresses the Huawei/3DLife Grand Challenge, presenting a novel method for the analysis of dance movements. The approach focuses on the decomposition of the dance movements into elementary motions. Placing this problem into a probabilistic framework, we propose to exploit Gaussian processes to accurately model the different components of the decomposition. The preliminary results, presented in this paper, are very promising.
INTRODUCTION
The Huawei/3DLife Grand Challenge focuses on a dance class scenario, where dance lessons are given online by an expert Salsa-dance teacher. Within this scenario, one important task involves recognizing the dance steps and movements executed by a student performing a given choreography. This enables the teacher agent to detect possible mistakes and suggest corrections. This task can be performed using a decomposition of dance gestures into elementary motions, in order to e.g. facilitate their classification among a reference set of choreographies.
In this paper, we show how recent works on Gaussian Processes (GP) [4] can be directly applied to decompose a dance motion as a sum of separate latent components. Each of these latent components stands for a movement having its own spatio-temporal characteristics. * A full version of this paper is available as technical report at [1].
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PROBABILISTIC FRAMEWORK
The Huawei/3DLife Grand Challenge is accompanied by a rich multimodal data set, recorded by a network of video cameras, multiple microphones, Microsoft Kinects, inertial measurement units, etc. [3] . In this paper, we focus on the exploitation of the Microsoft Kinect data emphasizing the fact that the Kinect sensor is becoming increasingly popular.
The Microsoft Kinect depth maps are exploited by means of the OpenNI SDK [2] .The API provides the ability to track 17 3D skeletal joint positions for each video frame, along with the corresponding tracking confidence level.
Let j denote one of the Nj = 17 joints, c one of the Nc = 3 spatial coordinates and t one of the Nt frames. The value of the c th coordinate of joint j at time t is written z (j, c, t) ∈ R. Gathering all sets of variables (j, c, t) into an input space X {x|x = (j, c, t)} j,c,t , one can express z (x) as z (j, c, t).
In this study, we propose to model the observed signal z as the sum of an average position z0 (j, c) of the body and a movement termz (j, c, t), which is itself well modeled as the sum of M signals ym, that is
We suppose here that the ym are Gaussian processes [5] . Let µm and km denote the mean and covariance functions of the GP ym, respectively. Since the ym are assumed to model deviations from equilibrium, we will consider their means to be 0, that is µm(x) = 0, ∀x ∈ X . To define km, we focus on a particular simple hyperparameterization, which proved to be very efficient for our purpose. We consider all km to be separable:
where the spatial covariance function k (S) m depends on four hyperparameters {σm, Tm, lm, λm} as Decomposition of the Z-position of "Thomas' left foot" in choreography c3 into four components.
cording to an iterative procedure as
Discussions and details on the model can be found in our technical report [1] .
Within this probabilistic framework, we focus on the estimation of the latent components ym given the observation of
with n = Nj × Nt × Nc and define the covariance matrix of component ym, say Km, as [Km] pl = km (xp, x l ). A classic result (see [5] ) is that the distribution p (ym 0 |z) of the component of interest ym 0 givenz is Gaussian with mean y m 0 such as
Since this posterior distribution is Gaussian, the minimum mean square error (MMSE) estimate of ym 0 , sayŷm 0 , is thusŷm 0 = y m 0 .
EXPERIMENTS
We assume a decomposition of the dance motions into four latent components: the first two are repeating patterns (8-beat and 4-beat periodic), the others correspond respectively to slowly varying movements of the body (called "Long term" component) and to unpredictable, non-repetitive movements (qualified as "temporally uncorrelated"). For each of these components, one particular set of hyperparameters is defined. Due to space limitation, we omit here to detail the choice of these hyperparameters and refer the reader to our technical report [1] .
The proposed decomposition is interesting, notably because of the intuitive interpretation of the constituting components. To illustrate this assertion, Figure 1 presents the decomposition of the Z-position of "Thomas' left foot" for the ten first seconds of choreography c3. In this figure, we can clearly distinguish the contributions of the four compo-
Such a decomposition can be favourably exploited in many tasks of dance analysis. For the proof of concept, we consider here the problem of smoothing the "superfluous trajectory points" of the observations. Such points may occur due to tracking errors or mistakes made by the dancer him/herself. Taking them into account, interpretation mistakes can happen in the gesture recognition task, possibly resulting in an inadequate feedback from the teacher's agent. On the other hand, smoothing some movements of the teacher can help the student to learn a choreography more easily.
Considering the proposed decomposition, the "temporally uncorrelated" component can be seen as a noise added to a "perfect" movement. Thus, substracting this component from the initial dance motion leads to a "denoised" motion. We illustrate this assertion in the website [1] with the 3D skeleton sequence of "Thomas" for choreography c3. On this video, we can observe that the tracking errors have been smoothed over all frames.
As mentioned, we can also consider a different application, where some movements of the teacher are simplified to help the student. In the website [1], we give the example of "Anne-Sophie-k" whose arms' movements have been decomposed and "smoothed". Note that this example illustrates the possibility to consider different decompositions, depending on the joints of interest and/or the intended application.
CONCLUSION
In this paper, we have proposed a method for decomposing dance movements into elementary motions. The approach relies on Gaussian processes allowing for a flexible representation, from extremely coarse to detailed, capturing the periodicities of the dance movements.
The preliminary results are promising, offering some nice perspectives. In particular, we intend to address the task of gesture recognition, which could benefit from the good approximations obtained by considering only three of the four components of the decomposition.
